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Nutrition impinges on virtually all aspects of an animal’s life, including social
interactions. Recent advances in nutritional ecology show how social animals
often trade-off individual nutrition and group cohesion when foraging in
simplified experimental environments. Here, we explore how the spatial struc-
ture of the nutritional landscape influences these complex collective foraging
dynamics in ecologically realistic environments. We introduce an individual-
based model integrating key concepts of nutritional geometry, collective
animal behaviour and spatial ecology to study the nutritional behaviour
of animal groups in large heterogeneous environments containing foods
with different abundance, patchiness and nutritional composition. Simu-
lations show that the spatial distribution of foods constrains the ability of
individuals to balance their nutrient intake, the lowest performance
being attained in environments with small isolated patches of nutritionally
complementary foods. Social interactions improve individual regulatory
performances when food is scarce and clumpy, but not when it is abundant
and scattered, suggesting that collective foraging is favoured in some environ-
ments only. These social effects are further amplified if foragers adopt flexible
search strategies based on their individual nutritional state. Our model
provides a conceptual and predictive framework for developing new
empirically testable hypotheses in the emerging field of social nutrition.
This article is part of the themed issue ‘Physiological determinants of
social behaviour in animals’.1. Introduction
Animals, from insects to primates, have evolved strategies for balancing their
intake of multiple nutrients simultaneously to reach physiological states maxi-
mizing growth, development, metabolic health, lifespan, immune functions,
cognition and reproduction [1,2]. State–space models based on Euclidean geo-
metry, known as ‘nutritional geometry’ [3], have been increasingly used to
study these complex feeding decisions and their fitness consequences across a
wide range of species, feeding guilds and ecological contexts [4–6]. In nutri-
tional geometry models, individual animals and foods are represented in a
multi-dimensional nutrient space defined by key food components (typically
the macronutrients proteins, carbohydrates and fats). The challenge facing
animals is to consume the available foods in amounts and balances to reach
the area of the nutrient space that provides maximal fitness (the intake
target). When this is not possible, individuals must compromise between
under-eating some food components and over-eating others [3].
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feedingdecisions in animal groups and societies [7]. Social inter-
actions complicate nutrient regulation, often leading animals to
trade-off between choosing foods that best address their indi-
vidual nutritional needs versus the collective needs of the
group [8,9]. A striking example is the cooperative nutrient regu-
lation of social insects, such as ants and bees, where individuals
in charge of food collection (the foragers) must integrate the
divergent nutritional requirements of all colony members,
including the other workers, the breeders (queens and males)
and the larvae, to maintain a balanced nutritional state at the
colony level [10–12]. To account for this social dimension in
nutritional geometry, animal groups can be viewed as a collec-
tion of individuals, each defined by their own nutritional state
and attempting to reach a nutrient intake target while interact-
ing in a common nutritional space [8,9]. In this approach,
individual-based models of nutritional geometry have been
developed to investigate the nutritional decisions of socially
interacting animals and their consequences at the collective
level, such as the emergence of social structures (leadership
[9], dominance hierarchies [13], social networks [14]) and collec-
tive behaviours (collective foraging decisions [15], collective
nutrient regulation [8]).
So far, however, studies of social nutrition have considered
animals foraging in relatively simplified experimental environ-
ments defined by the presence of discrete food resources
of fixed composition (e.g. binary choice tests [10], cafeteria
assays [16]) and models implementing two-dimensional nutri-
ent spaces [15], without taking into account the potential effects
of variation in the spatio-temporal distribution of foods on
selective feeding [17]. At best, models have assumed spatial
constraints in the form of time-costs for travelling between
foods with different nutrient contents [8,15] or of increased
competition for accessing foods [13,14]. In nature, however,
animals often face highly unpredictable environments where
the fine-scale distribution of nutrients, be they in plants or
prey, varies spatially and temporarily [17], and this hetero-
geneity probably affects the way foragers find food patches
and move between them [18–22].
Several studies suggest that social interactions provide
important benefits to animals exploiting spatially complex
foraging environments [23–26]. In a social group, individuals
can be seen as information processing units whose inter-
actions may provide collective benefits [27,28], and if each
forager is error prone in its detection of a good food patch,
grouping can facilitate the spontaneous averaging of individ-
ual measurements and lead to improved foraging choices
[29]. Accordingly, foragers are expected to rely more on
social information to increase their probability of locating
foods in uncertain environments (e.g. where food is hard to
locate), whereas personal sampling should be more advan-
tageous to avoid competition in highly predictable
environments (e.g. where resources are evenly distributed
across a landscape) [30]. In social pollinators, for instance, it
is hypothesized that food recruitment has evolved to increase
the efficiency of foragers exploiting large isolated flower
patches found in tropical habitats, whereas solitary foraging
is better adapted to the more homogeneously distributed
resources of temperate habitats [30,31]. In order to determine
whether these collective benefits apply more generally for
nutritionally complex environments (i.e. where individuals
must balance their intake of multiple nutrients), it is necessary
to compare the foraging success of animals exhibiting variouslevels of social interactions across environments with known
food types, abundances and spatial distributions. Developing
foraging models that take into account the spatial distribution
of nutrients is therefore a critical step to improve prediction
accuracy and inform the data collection required to tackle this
fundamental problem [7–9].
Here we introduce a spatially explicit individual-based
model of nutritional geometry for studying the nutritional
behaviour of socially interacting animals in large and unpre-
dictable environments. In the model, individual animals
forage for foods containing different mixes of two focal nutri-
ents (protein and carbohydrate) that are distributed across a
two-dimensional landscape, and decide whether and how
much of these foods they eat in order to maintain a balanced
nutritional state. We ran simulation experiments to examine
the nutrient regulatory performances of foragers adopting
different social strategies and search behaviours in environ-
ments containing foods with defined nutrient contents,
abundances and degrees of patchiness.2. Material and methods
(a) Model
Our stochastic model (written in Cþþ) simulates the behaviour
of animals foraging in environments containing foods with set
abundance, spatial distribution and nutritional content. The ani-
mals must eat foods in amounts and at a balance that will enable
them to get as close as possible to their intake target. On each
time step, individuals that are not on a food move. Movement
direction is based on previous orientation, social interactions
and noise [32–34]. Individuals that are on a food: eat of that
food (the amount is a function of their nutritional state) or
leave (if they do not need to ingest more of this food). Once
the actions are determined for all individuals, they are applied
in a randomized order. The spatial coordinates and nutritional
state of individuals, and the environment content, are then
updated. Below we describe the main components of the
model. All parameters and variables are defined in table 1.
(i) Nutritional environment
The environment consists of a two-dimensional grid (384  384
cells) in which foods are layered. Each food has its own protein
and carbohydrate content (P : C), overall abundance (proportion
of all cells with some of that food) and patchiness (fractal dimen-
sion of all cells containing that food). The food is placed using the
Diamond-Square algorithm, a recursive method of creating three-
dimensional landscapes [35], and is distributed fractally through
the environment with an associated fractal dimension (FD). A
low FD is characteristic of isolated large patches, whereas a high
FD is indicative of evenly distributed small patches (e.g.
figure 1). Once the three-dimensional landscape is created for
each food, a cut-off level is determined using a binary search to
find the height (i.e. the third dimension) at which the proportion
of cells whose height is above that threshold is as close as possible
to the desired total food abundance (Ab). In practice, this has a
very small error (+0.01%). The amount of food supplied to each
cell is then normalized to the landscape height (i.e. [0,1] interval).
In order to keep the environment generation process identical
regardless of food composition, we always distributed two
foods, which had either the same P : C (i.e. equivalent to a one
food environment) or two different P : Cs (i.e. two foods environ-
ments). Any grid cell that ended up filled with food twice was set
to be empty. We removed these overlaps to avoid generating cells
containing two complementary foods in experiments in which
individuals were challenged to actively balance their diet from
Table 1. Model parameters and variables, their notation, level of operation and values.
variable/parameter notation level description value
nutritional state NS individual an individual’s nutritional state, as tracked by its ( p, c)
position in the nutrient space, and denoting total intake
of the two nutrients
variable ( p, c)
intake target IT global an individual’s IT is the ( p, c) coordinate in the nutrient
space that maximizes F
variable ( p, c)
distance to the IT D individual the Euclidean distance between an individual’s NS and the
IT
variable
food rail V global the nutritional composition of a food in terms of the
amount of carbohydrate (c) in a given food relative to
single equivalent unit of protein ( p)
1, 3, 0.333, 16 and 0.667
(figure 1)
appetite A individual the amount of a given food that an individual would
consume to minimize D
variable
ideal food rail aideal individual the angle of a hypothetical ideal food rail connecting an
individual’s NS with their IT
variable
meal size w global the maximum amount of food that an individual is able to
consume at a given time
0.0368
social influence s individual the weight of the social interactions relative to the
individual orientation when moving
0, 0.005, 0.01, 0.025, 0.2
noise weight h individual the weight of a random unit vector relative to vectors
corresponding to social and individual influences during
movement
fixed at 0.0025, 0.0275 or
0.0525; or variable (see
§2a(iii) Movement rules)
higher noise limit U individual upper bound value when calculating the variable noise as a
function of D
0.0525
lower noise limit L individual lower bound value when calculating the variable noise as a
function of D
0.0025
noise decrease constant K individual slope constant when calculating the variable noise as a
function of D
0.0075
repulsion range Rr individual range at which neighbours exert a repulsion force on an
individual
1
alignment range Ra individual range at which an individual aligns with its neighbours 6
attraction range Rp individual range at which an individual is attracted to its neighbours 56
proportion of individuals
within alignment
range psoc
psoc global the proportion of moving individuals who have at least one
neighbour with alignment range Ra or closer
variable
spatial coordinates of an
individual
L individual the fx, yg spatial coordinates of an individual variable
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foods (figure 1b,c). We used environments with a maximum
combined Ab of 0.4 (Ab ¼ 0.2 for each food in two food environ-
ments), for which spatial overlaps of foods are limited (9.3%
observed on average, see the electronic supplementary material,
text S1), to avoid situations where an individual could obtain
two different foods from the same cell. Once all of the food con-
tained in a cell is consumed it is not replenished. None of our
simulations resulted in all food being consumed.
(ii) Nutritional rules
Our aim was to develop a simple, generic, model, that is neither
nutrient- nor species-specific. Each individual has a nutritional
state (NS) defined by two coordinates in a Cartesian space( p, c) representing the individual’s total intake of protein ( p)
and carbohydrate (c) at a given time. Although we refer to
protein and carbohydrate, our approach is generalizable to any
food components that affect fitness [8,9]. The optimal NS is the
intake target (IT). For the sake of simplicity, this local optimum
is modelled as a single coordinate [8,9,13–15] rather than a sur-
face in the nutrient spacewhose shape can greatly vary depending
on species [3]. Here an individual’s performance is estimated by
the p/c ratio of its NS and the Euclidean distance (D) between its
NS and the IT. All individuals begin with an initial NS and IT of
(0.00217, 0.00217). To simulate the individuals’ continual need
for nutrients (i.e. metabolic cost of living) the IT increases at a
rate of 0.00217 in each dimension ( p, c) on each time step. Both
nutrients were thus assumed to be metabolized at the same rate.
A
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Figure 1. Each environment contains one or two foods defined by their protein to carbohydrates ratio (P : C), abundance (Ab) and fractal dimension (FD). Upper
panels show schematic of nutritional geometry, in which foods are represented as nutritional rails (dashed lines) in a two-dimensional nutritional space (p,c) defined
by protein and carbohydrates. The challenge for an individual is to eat foods in amounts and proportions that enable it to reach its intake target (IT; a position in the
nutritional space that maximizes fitness). Lower panels show examples of two-dimensional landscapes for each environment type, and for all combinations of ABs
and FDs tested. Colours reflect the nutrient content of foods (scaled from red ¼ high P to green ¼ high C). The total amount of coloured pixels reflects the Ab of
the food. (a) Environment containing a single balanced food whose nutritional rail intersects the IT. Individuals can reach their IT by eating from this food.
(b) Environment containing two individually imbalanced but collectively complementary foods whose nutritional rails fall symmetrically on opposite sides of
the IT. Individuals can reach their IT by eating an equal amount of both foods. (c) Environment containing two imbalanced but complementary foods whose
nutritional rails fall asymmetrically on opposite sides of the IT (same angular difference as in b). Individuals can reach their IT by eating three times more of
P : C 1.5 : 1 than P : C 1 : 16.
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composition in terms of c content for an equivalent unit of p.
When an individual finds a food (i.e. its spatial coordinates fall
within a grid cell containing food) the amount consumed is gov-
erned by its appetite (A). Individuals follow a ‘closest distance’
rule of compromise, meaning that foods are consumed to
minimize D. This simple rule of compromise, which allows indi-
viduals to over eat one nutrient while under eating the other up
to a certain point, has been experimentally observed in many ani-
mals [3] and has the advantage of making the same assumption
for both nutrients. A is calculated as follows:
A ¼ min{w,Djaideal  tan1Vj},
where w is the maximum amount of food an individual can eat
on one time step, aideal is the angle of a hypothetical ‘ideal’
food rail connecting an individual’s NS to its IT, and V is the
food rail of the food being consumed. After consuming food,
an individual will leave the food on the next step if the food is
depleted, or if it would not get closer to its IT by consuming
any food that is left (w  A).(iii) Movement rules
Wemodelled individuals asmoving at a constant speed andwith a
direction that was partly random and partly determined by indi-
vidual (previous orientation) and social (repulsion, alignment or
attraction towards nearby individual) influences [32–34]. The
weight of the random component was either kept fixed (resulting
in a correlated randomwalk in the absence of social influences) or
was variable according to the NS of the individuals, resulting in a
new type of random walk that we named a ‘nutritionally driven
random walk’. At the outset, all individuals are uniformly distrib-
uted at random in the environment. Their positions and
movements are implemented in a continuous two-dimensional
coordinate system (where each cell in the environment grid has a
side of length 1). At each time step, each individual moves at a con-
stant speed v0 andupdates its position li by following the direction
of a unit movement vector u. That is, u is updated and then
l0i  li þ u . The new value of u is calculated as a weighted sum
of vectors corresponding to the previous individual orientation,
social interactions with neighbours and noise, as follows:
u 0 ¼ ð1 hÞ½s :Sþ ð1 sÞ : u þ h : j,
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the individual at the previous time step t, S is a unit vector repre-
senting the influence of neighbours on the individual’s direction,
and j is a randomunit vector representing noise. Each of these indi-
vidual, social and noise components ofmovement areweighted by
theparameterss andh. The environment is set up tohave reflective
boundaries where individuals reaching the limits of the landscape
have their orientation set to 2ut and li adjusted accordingly. We
denote the vector from individual i to individual j as eij ¼ lj2 li,
and the distance between them as dij ¼ jeijj.
The weight of the noise component h (hereafter referred to as
‘noise’) is either a constant or varies as a function of D. When it is
variable, h follows a linear relationship in the form of
h ¼ U  K: D with a minimum value of L. A variable h thus pro-
duces a nutritionally driven random walk in which the trajectory
of an individual is more tortuous when its NS is close to the IT
and straighter when it is further away. If s . 0, movement is
influenced by the presence of neighbour individuals based on
repulsion, alignment and attraction rules [33] as follows:
(1) When neighbours are within the repulsion range Rr
of the focal individual i, we calculate a repulsion force
that results from normalizing the sum Sjfij over all individ-
uals j= i of pairwise repulsion forces between individuals
i and j. The repulsive force that individual j exerts on indi-
vidual i is fij ¼ e ji=d2ij, where eji is the vector from
individual j to individual i.
(2) For those neighbours within the alignment range Ra and
outside the repulsion range, the social force corresponds to
the sum of all neighbours’ orientation vectors, each again
divided by the distance to individual i, that is, uj/rij. The
resulting sum is normalized.
(3) For those neighbours within the attraction range Rp and
outside the shorter ranges, the attractive force is calculated
as the negative of the repulsion formula S j=ieij=d2ij.
(b) Simulation experiments
We simulated groups of 50 individuals for 10 000 time steps. For a
given group, all individuals responded to the same nutritional
and movement rules. We explored three environment types pro-
viding increasingly challenging nutritional conditions: (1) a
single balanced food (P : C 1 : 1) whose nutritional rail intersects
the IT (i.e. individuals can reach their IT by eating only from
that food; figure 1a), (2) two symmetrically imbalanced but comp-
lementary foods (P : C 1 : 3, P : C 3 : 1) whose nutritional rails fall
symmetrically on opposite sides of the IT (i.e. individuals can
reach their IT by eating 50% of each food; figure 1b) and (3)
two asymmetrically imbalanced but complementary foods (P : C
1 : 16, P : C 1.5 : 1) whose nutritional rails fall asymmetrically on
opposite sides of the IT with the same angular difference as in 2
(i.e. individuals can reach their IT by eating 20% of P : C 1 : 16
and 80% of P : C 1.5 : 1; figure 1c). In each environment type,
foods were characterized by one of four combined Abs (Ab ¼
0.01, 0.1, 0.2, 0.4) and one of three combined FDs (FD ¼ 2, 2.5, 3;
figure 1b). Individuals could have one of five social influence
weights (s ¼ 0, 0.005, 0.01, 0.025, 0.2) and one of four noise
modes (h ¼ 0.0525, 0.0275, 0.0025, variable). We ran 100
simulations for each condition (i.e. 72000 simulations in total).
For each simulation, we generated outputs on the spatial
coordinates of foods and individuals, the amount and type of
food ingested by each individual, and their NS at each time
step. We computed p/c and D as proxies of individual nutrient
regulation efficiency. Dtþ12 Dt (the increase rate of D at time
step t þ 1) was used to examine the dynamics of nutrient regu-
lation through time. A low increase rate is indicative of an
individual that closely tracks its IT, and is performing well.
We also calculated psoc, the proportion of individuals havingat least one neighbour in their alignment range, as a measure
of group cohesion. Average final values (+95CI) of D, p/c
and psoc are shown in the electronic supplementary material,
tables S1–S4. Examples of simulations are shown in the
electronic supplementary material, movies S1–S12.3. Results
(a) Food spatial distribution affects nutrient detection
and balancing
We examined the influence of food spatial distribution on the
ability of individuals to track their IT by varying the number
of available foods (1 or 2), their nutrient content (P : C), total
Ab and FD. We focused on the simplest scenario where fora-
gers do not interact socially (s ¼ 0) and have a fixed
movement noise (h ¼ 0.0025).
In environments with a single nutritionally balanced food
(figure 1a), individuals were consistently more efficient at
tracking their IT as both food Ab and FD increased, reaching
a minimum final D in high-Ab, high-FD environments
(figure 2a; electronic supplementary material, table S1). The
probability that an individual finds food increased with Ab
and FD, as illustrated by the reduced Dtþ12 Dt in high-Ab,
high-FD environments compared with in low-Ab, low-FD
environments (figure 2b). Individuals were less efficient at
finding food for very low food Ab (0.01; e.g. electronic sup-
plementary material, movie S1) irrespective of the FD,
resulting in relatively high and stable Dtþ12 Dt. The rate of
change in D decreased dramatically for moderate food Ab
(0.1, 0.2), approaching zero for high food Ab (e.g. electronic
supplementary material, movie S2).
The same overall tendency was observed in nutritionally
more complex environments containing two complementary
foods (figure 3; electronic supplementary material, table S1),
be they symmetrically imbalanced (figure 1b) or asymme-
trically imbalanced (figure 1c). Nonetheless, moving from an
environment with two imbalanced foods imposed a more
complex nutritional challenge to individuals, resulting in a
general increase (range: 4–752%) in final average D
(figure 3a; see also the electronic supplementary material,
figure S1a–c). This effect was more pronounced for high-Ab,
low-FD environments, presumably because of the increased
probability of encountering large patches of imbalanced
foods and not finding the complementary food within the
allotted time (e.g. electronic supplementary material, movie
S3), whereas individuals may be able to quickly alternate
between visiting nearby complementary foods in high-Ab,
high-FD environments (e.g. electronic supplementary
material, movie S4). Individuals also had higher final average
D when foraging on asymmetrically imbalanced foods than
when foraging on symmetrically imbalanced foods, because
of the additional challenge of eating different amounts of
each food to reach the IT. This increased complexity was evi-
dent when comparing the final average p/c of individuals
across environment types (figure 3b; electronic supplementary
material, table S2). While foragers successfully maintained a
balanced NS ( p/c¼ 1) with one balanced food (when each
food intake yields exactly p/c ¼ 1) or two symmetrically
imbalanced foods (when a random food intake would result
p/c¼ 1), their NS drifted away with asymmetrically imbal-
anced foods. The average final p/c was lower (range: 6–42%)
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Figure 2. (a) Average (95CI range: 0.001–0.055) final distance (D) between the nutritional state of individuals and their intake target in environments containing
one balanced food in 12 combinations of abundance (Ab) and fractal dimension (FD) (figure 1a). Social influence (s) ¼ 0, movement noise weight (h) ¼ 0.0025.
(b) Average (95CI range: 0.00006–0.0001) rate of change in D (Dtþ1 – Dt) for the same simulations showed in (a). All model parameters and variables are
described in table 1.
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than in environments with two symmetrically imbalanced
foods (electronic supplementary material, figure S1d,e) but
remained higher than an average random intake in most
environments (an expected random food intake would result
in an average p/c between 0.306 and 0.576; see the electronic
supplementary material, Text S2). The higher the food Ab
and FD, the closer p/c was to 1 (figure 3b). These simulations
thus confirm that the behavioural mechanisms implemented
in our model enable nutrient intake regulation by randomlymoving and non-socially interacting individuals, even when
confronted with spatially and nutritionally challenging
environments. In the following analyses, we focused on
environments with asymmetrically imbalanced foods, which
are the most challenging environments.(b) Social interactions improve nutrient detection
We explored the influence of social interactions (s) on the
ability of foragers to track their IT. When foraging on two
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Figure 4. Average (95CI range: 0.01–0.08) final distance (D) between the nutritional state of individuals and their intake target for various social influences (s) in
environments containing two asymmetrically imbalanced foods for 12 combinations of abundance (Ab) and fractal dimension (FD) (figure 1c). Movement noise
weight (h) ¼ 0.0025. All model parameters and variables are described in table 1.
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uals (s ¼ 0.2) always had a higher D, and thus a poorer
nutrient regulatory performance, than individuals with
weaker s (0, 0.005, 0.01, 0.025), regardless of food Ab and FD
(figure 4; electronic supplementary material, movies S5 and
S6). In these conditions, the social influence might be too
strong to allow individuals to escape the group and make effi-
cient foraging decisions relative to their own individual IT, as
has been observed in previous studies [8,9]. Interestingly,
weak-s individuals (s ¼ 0.005) outperformed zero-s individ-
uals (s ¼ 0) in low-FD environments and for most food Abs
(Ab¼ 0.01, 0.1, 0.2; figure 4). By contrast, zero-s individuals
outperformed individuals with any level of s in high-FD
environments and for all Abs. This effectwasmost pronounced
for a low food Ab (Ab ¼ 0.01; figure 4). Presumably, when
foods are extremely scarce and clumpy (and therefore hard to
find), socially facilitated movements improve search efficiency
in comparison to individual sampling (e.g. electronic sup-
plementary material, movies S3 and S7). However, when
foods are abundant and scattered (and therefore easy to find;
e.g. electronic supplementary material, movies S4 and S8), the
social benefits for locating foods may be much reduced while
competition may considerably increase on small patches. The
fact that weak-s individuals (s ¼ 0.005) always outperformed
zero-s individuals under extremely low h (0.0001, 00005) indi-
cates that the social benefit is not just a consequence of
interacting individuals using straighter trajectories (equivalent
to a decrease inh) due to the stronger alignment force (electronic
supplementary material, table S4). The nutrient balance (i.e. p/c
ratio of final NS) did not improve in any level of s comparedto simulations with zero-s individuals (electronic supplemen-
tary material, table S2). Consequently, in the following
analyses we focused on s ¼ 0.005, which was the most efficient
social strategy overall.
(c) Social influences are magnified by nutritionally
based movements
To explore the effect of noise (h) on the ability of foragers to
move through the landscape and track their IT, we compared
fixed h (0.0025, 0.0275, 0.0525) to variable h based on NS
(equivalent to a nutritionally driven random walk). Overall,
variable-h individuals outperformed fixed-h individuals for
most combinations of food Ab and FD and across all environ-
ment types (figure 5a; electronic supplementary material, table
S1). For instance, in environments with two asymmetrically
imbalanced foods (figure 1c), at moderate food Ab (Ab ¼ 0.2)
and high-FD (2), both high-h (0.0525) and variable-h individ-
uals behaved similarly with D increasing faster than for low-
h (0.0025) individuals during the early stage of the simulations
(see example in the electronic supplementary material, figure
S2). As initial D was low, h was similar in variable-h and
high-h individuals. With time, however,D increased and vari-
able-h individuals started to behave like low-h individuals,
moving away from their initial positions in trajectories that
became increasingly straight (e.g. electronic supplementary
material, movie S12). Towards the end of the simulations,
Dtþ12 Dt remained high in the high-h individuals, while
approaching zero for both variable-h and low-h individuals.
Ultimately, variable-h individuals outperformed low-h
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them to remain longer on desirable food patches. The only
exception was observed in high-Ab, high-FD environments,
where low-h individuals outperformed variable-h individuals
(electronic supplementary material, table S1). In these extreme
nutritional environments, when very small amounts of foods
are homogeneously distributed, local search resulting from
variable-h or high-h reduces the probability of finding foods
in comparison to the more diffusive trajectories of low-h indi-
viduals (e.g. electronic supplementary material, movies S8, S9
and S10). Importantly, variable-h individuals were also able to
maintain a NS with p/c closer to 1 than fixed-h individuals for
all combinations of food Abs and FDs, and with asymmetri-
cally imbalanced foods (figure 5b; electronic supplementary
material, table S2). This held true for nutritionally simpler
environments and at most social parameters (electronic
supplementary material, tables S1 and S2). Thus, in hetero-
geneous environments, a flexible search strategy based on NS
is generally more efficient at finding and regulating intake of
nutrients than any fixed random walk.
Importantly, the advantage of weak social interactions
(s ¼ 0.005) over no social interactions (s ¼ 0) in low-Ab,
low-FD environments described above (figure 4) was magni-
fied under variable h. Overall, Dwas 4.7% lower and p/c 1.5%
higher (up to 5.8% and 10.7% at FD ¼ 2 and Ab ¼ 0.05 and
Ab ¼ 0.1, respectively) in weak-s simulations than in zero-s
simulations (electronic supplementary material, figure S3,
e.g. electronic supplementary material, movies S11 and
S12). Therefore, under variable h, weak s not only provides
higher probabilities of locating foods but also increases
chances of achieving nutrient balancing, particularly in
clumpy environments.
(d) Nutrient distribution and movement noise modulate
group cohesion
Both the nutritional environment and h influenced the spatial
distribution of individuals and group cohesion, as measured
by the proportion of individuals having at least oneneighbour in their alignment range ( psoc). In the presence
of social interactions (s. 0), psoc decreased with increasing
food Ab and FD (figure 6a). Overall, low-h simulations
resulted in the highest psoc regardless of food Ab and FD
when compared with variable-h and high-h simulations.
Accordingly, high-h simulations showed the lowest psoc in
most environments. Presumably, the spatial distribution of
nutrients affects the level of synchronization at which indi-
viduals alternate between feeding and moving between
foods. When a group encounters a large food patch (low-FD
environments), all individuals start eating the same food sim-
ultaneously, thereby synchronizing their nutritional states
and future foraging activities (e.g. electronic supplementary
material, movie S12). By contrast, when a group encounters
several homogenously distributed food patches (high-FD
environments), some individuals start eating while others do
not, resulting in a population of uncoordinated foragers (e.g.
electronic supplementary material, movie S9). The decrease
in psoc with increasing food Ab and FD was most evident
under variable h, where a loss of synchrony between feeding
individuals combined with a generally lower D (therefore
higher h), disrupted group cohesion further than in fixed-h
simulations (figure 6b). As expected in the absence of social
interactions (s ¼ 0), psoc remained low and relatively stable
across all environment types except for low-FD environments
containing a single balanced food (figure 1a) where individuals
tended to form larger temporary groups (electronic sup-
plementary material, table S3), a clustering effect of food
distribution previously described in swarming animals [36].4. Discussion
We developed an individual-based model that uses key con-
cepts of nutritional geometry to explore the ability of animals
to regulate their intake of nutrients across a range of spatially
and nutritionally complex environments. We found that
social interactions can improve an individual’s nutrient balan-
cing performance in the most heterogeneous environments
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Figure 6. (a) Average (95CI range: 0.001–0.016) proportion ( psoc) of individuals having at least one neighbour in the alignment range in environments containing
two asymmetrically imbalanced foods for 12 combinations of abundance (Ab) and fractal dimension (FD) (figure 1c). Social influence (s) ¼ 0.005, movement noise
weight (h) ¼ variable. (b) Average psoc (95CI range: 0.001 – 0.019) for FD ¼ 2 under different Ab and h. s ¼ 0.005. (c) Average psoc (95CI range: 0.001–0.016)
for FD ¼ 3 under different Ab and h. s ¼ 0.005. All model parameters and variables are described in table 1.
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advantage magnified by nutritionally driven random walks,
when the individual’s search strategy is based on its nutri-
tional state. However, independent foraging remains the
most efficient strategy when foods are abundant and evenly
distributed. We discuss the implications of our results for
future research on social nutrition.
Many animals use social information to locate and select
food resources in their environment [37,38]. In gregarious
species, this often results in collective foraging decisions
whereby all, or the majority, of the group makes a choice to
feed on one of several possible foods [28], an emerging group
property allowing individuals to make faster andmore accurate
choices than if they were alone [26]. Our model shows that this
collective advantage applies to complex nutritional decisions,
enabling grouped animals to balance their diet more efficiently
than solitary conspecifics in adverse nutritional environments.
Thenutritional benefits aredependenton the typeof foods avail-
able and their spatial distribution, suggesting that collective
foraging is adaptive in certain types of environments only.
Social interactions (here in the form of socially facilitated move-
ments) are most beneficial for finding foods and maintaining a
balanced diet in challenging nutritional environments where
foods are scarce and clumpy, an observation in linewith current
hypotheses for the evolution of social learning and food signal-
ling [30,31]. By coordinating the feeding activities of individuals,
social interactions may also synchronize their nutritional states,
future movement behaviour and nutritional decisions, which
favours efficient diet balancing through collective movements
between large isolated patches of complementary foods. By con-
trast, in environments where food is locally limited, the same
phenomena may impair diet regulation efficiency by increasing
competition, for instance, in environments containing a constel-
lation of small patches homogeneously distributed across the
landscape.
Interestingly, the random search strategies employed by
foragers can have a strong impact on individual nutrient regu-
lation performance and collective foraging dynamics. While
nearly straight trajectories (i.e. lowmovement noise) are gener-
ally better than very tortuous trajectories (i.e. high movement
noise) across most environments, a strategy based on nutri-
tional state allowing for alternating between both types of
trajectories (i.e. variable movement noise) significantly
improves nutrient balancing performances. This nutritionallydriven random walk produces movement patterns composed
of local sampling and long jumps that are reminiscent of
search patterns known to be efficient across foraging environ-
ments and spatial scales (e.g. near-far search [39], Le´vy flight
[19]). Movements influenced by nutritional state have been
observed in many animals, for instance, following periods of
dietary restriction (i.e. reduced intake of one ormore food com-
ponents) [40,41]. In migratory insects, such as crickets and
locusts, a single nutrient deficit can increase or reduce the loco-
motor activity of individuals, ultimately impacting movement
at the collective level [16,21]. The advantage of such behavioural
plasticity [42] (variable movement noise component in our
model) attuned to nutritional state in comparison to classical
random search implementations is that individuals or groups
only perform straight stretches of movement when they have a
strong deficit of one or more nutrients, while they tend
to remain in a local area when they are performing well. This
behaviour may outperform other search strategies in complex
environments by allowing individuals that find themselves on a
high-value patch to remain there. Nutritionally driven random
walks may be especially beneficial in highly dynamic hetero-
geneous environments, for instance, in the case of predators,
where individuals must regularly move between complemen-
tary food patches whose spatial distributions can rapidly
change from sparse and clumpy to abundant and scattered [20].
Our modelling approach is based on generic nutrient regu-
latory mechanisms described in a taxonomically diverse range
of herbivores, omnivores and carnivores across ecological
contexts [43–46], and thus provides considerable promise for
future empirical comparative research in nutritional ecology.
Accordingly, the model is readily adjustable to account for
variations in life-history traits and social behaviour, in order
to generate species-specific predictions. For instance, one fun-
damental aspect of nutrient regulation in socially interacting
animals is the diversity in nutrient needs (nutritional states,
intake targets) and regulatory behaviours among group mem-
bers, as can be observed in groups composed of males and
females [47,48] or adults and juveniles [10]. Other sources of
nutritional variance within groups may include pathogen
infection, exposure to toxins, predators and past nutrient
deficiencies [47–51]. Even if individuals have the same nutri-
tional needs there will always be consistent behavioural and
physiological differences among individuals that can have
strong effects on both group members’ and collective
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and knowledge about available foods are also of potential
importance since personal assessment of resource spatial distri-
bution often changes foragers’ tendency to rely on personal
versus social information [37]. For instance, many animals
exploit stable home ranges, or foraging sites, from a central
place and develop near-optimal foraging routes linking fam-
iliar places based on learning and memory [54]. Other
important insights may arise from comparing animal groups
exhibiting various levels of social complexity, inwhich individ-
uals interact asymmetricallywith each on another, for instance,
by testing groups with set social structures (e.g. social net-
works [14], cooperative rules [8] or assortative interactions
[15]). Cross-species comparisons may also allow us to identify
the importance of specific nutritional traits, such as dietary
breadth (e.g. generalists versus specialists), appetite (e.g.
rules of compromise [3]) or tolerance to suboptimal diets (e.g.
shape of IT surfaces and fitness landscapes [5]), on these
social nutritional phenomena. An empirical exploration of
such predictions is now becoming possible thanks to the fast
development of automated technologies (e.g. computer
vision [55], GPS [56]) to experimentally measure the behaviour
of individuals across large spatial and temporal scales, and
track their nutritional states as they exploit food resources
and exchange nutrients, both in the laboratory (e.g. using
measures of food intake in chemically defined diets [57]) and
in the field (e.g. using chemical analyses of food samples [58]).
Individual-based models of nutritional geometry, as
proposed here, provide a new mechanistic basis for under-
standing how nutritional interactions scale up from the
individual to the collective level, and how higher-order
phenomena in turn feed back into local interactions and indi-
vidual behaviour [8]. In principle, the same approach could
be used to test specific ecological hypothesizes involving
nutritional interactions beyond the levels of groups and popu-
lations, between species within communities and ecosystems,and across spatio-temporal scales [7]. For example, one could
envisage studying the role of nutrition in mediating vital
ecosystem services by examining how the nutritional perform-
ances of pollinators exploiting patchily and nutritionally
variable floral resources effect plant reproduction and commu-
nity structures [12,59]. Spatial nutritional modelling could also
yield new insights into the role of nutrition in permitting the
successful settlement of invasive species across large land-
scapes [60], or in favouring the resilience of declining
populations [6]. Scenarios of climate change could also be
simulated to examine how the degradation of nutritional
environments alters the foraging patterns and nutritional
performances of animals. Ultimately, these fundamental pro-
cesses should be considered within an evolutionary context
to precisely assess the consequences of nutrition on individual
fitness on population growth, trophic interactions, community
changes and ecosystem dynamics.Data accessibility. The datasets supporting this article have been
uploaded as part of the electronic supplementary material.
Authors’ contributions. M.L. and J.B. designed the study. M.L., M.A.C.,
A.M.S. and J.B. developed the model. J.B. collected the data. M.L.
and J.B. analysed the data and wrote the first draft of the manuscript.
M.A.C., A.M.S., F.J.C., D.R. and S.J.S. contributed to writing the final
version of the manuscript.
Competing interests. We have no competing interests.
Funding. M.L. is supported by the CNRS, the ANR (ANR
16CE0200201), the Fondation Fyssen, and research grants from the
IDEX of the federal University of Toulouse. A.M.S. is supported by
a J&D Coffey Fellowship from the University of Sydney. D.R. is an
affiliate of the New Zealand Institute for Advanced Study. S.J.S. is
supported by an ARC Laureate Fellowship. J.B. is supported
by ARC Future Fellowship (ARC FT110100082) and ARC Discovery
Projects (ARC DP1030101670) programmes.
Acknowledgements. We thank Frank Seebacher and Jens Krause for invit-
ing us to contribute to this special issue of the Philosophical Transactions
of the Royal Society B.References1. Lee KP, Simpson SJ, Clissold FJ, Brooks R, Ballard
JWO, Taylor PW, Soran N, Raubenheimer D. 2008
Lifespan and reproduction in Drosophila: new
insights from nutritional geometry. Proc. Natl. Acad.
Sci. USA 105, 2498–2503. (doi:10.1073/pnas.
0710787105)
2. Solon-Biet SM et al. 2015 Macronutrient balance,
reproductive function, and lifespan in aging mice.
Proc. Natl. Acad. Sci. USA 112, 3481–3486. (doi:10.
1073/pnas.1422041112)
3. Simpson SJ, Raubenheimer D. 2012 The nature of
nutrition: a unifying framework from animal
adaptation to human obesity. Princeton, NJ:
Princeton University Press.
4. Simpson SJ, Raubenheimer D. 1993 A multi-level
analysis of feeding behaviour: the geometry of
nutritional decisions. Phil. Trans. R. Soc. Lond. B
342, 381–402. (doi:10.1098/rstb.1993.0166)
5. Simpson SJ, Sibly RM, Lee KP, Behmer ST,
Raubenheimer D. 2004 Optimal foraging when
regulating intake of multiple nutrients. Anim. Behav.
68, 1299–1311. (doi:10.1016/j.anbehav.2004.03.003)6. Raubenheimer D, Simpson SJ, Tait A. 2012 Match
and mismatch: conservation physiology, nutritional
ecology and the timescales of biological adaptation.
Phil. Trans. R. Soc. B 367, 1628–1646. (doi:10.
1098/rstb.2012.0007)
7. Simpson SJ, Raubenheimer D, Charleston MA,
Clissold FJ. 2010 Modelling nutritional interactions:
from individuals to communities. Trends Ecol. Evol.
25, 53–60. (doi:10.1016/j.tree.2009.06.012)
8. Lihoreau M, Buhl J, Charleston MA, Sword GA,
Raubenheimer D, Simpson SJ. 2014 Modelling
nutrition across organizational levels: from
individuals to superorganisms. J. Insect. Physiol. 69,
2–11. (doi:10.1016/j.jinsphys.2014.03.004)
9. Lihoreau M, Buhl J, Charleston MA, Sword GA,
Raubenheimer D, Simpson SJ. 2015 Nutritional ecology
beyond the individual: a conceptual framework for
integrating nutrition and social interactions. Ecol. Lett.
18, 273–286. (doi:10.1111/ele.12406)
10. Dussutour A, Simpson SJ. 2009 Communal nutrition
in ants. Curr. Biol. 19, 740–744. (doi:10.1016/j.cub.
2009.03.015)11. Cook SC, Eubanks MD, Gold RE, Behmer ST. 2010
Colony-level macronutrient regulation in ants:
mechanisms, hoarding and associated costs.
Anim. Behav. 79, 429–437. (doi:10.1016/j.anbehav.
2009.11.022)
12. Hendriksma HP, Shafir S. 2016 Honey bee foragers
balance colony nutritional deficiencies. Behav. Ecol.
Sociobiol. 70, 509–517. (doi:10.1007/s00265-016-
2067-5)
13. Senior AM, Charleston MA, Lihoreau M, Buhl J,
Raubenheimer D, Simpson SJ. 2015 Evolving
nutritional strategies in the presence of
competition: a geometric agent-based model. PLoS
Comp. Biol. 11, e1004111. (doi:10.1371/journal.
pcbi.1004111)
14. Senior AM, Lihoreau M, Buhl J, Raubenheimer D,
Simpson SJ. 2016 Social network analysis and
nutritional behavior: an integrated modeling
approach. Front. Psychol. 7, 18. (doi:10.3389/fpsyg.
2016.00018)
15. Senior AM, Lihoreau M, Charleston MA, Buhl J,
Raubenheimer D, Simpson SJ. 2016 Adaptive foraging
rstb.royalsocietypublishing.org
Phil.Trans.R.Soc.B
372:20160238
11
 on July 3, 2017http://rstb.royalsocietypublishing.org/Downloaded from in groups with conflicting nutritional needs. R. Soc.
open sci. 3, 150638. (doi:10.1098/rsos.150638)
16. Simpson SJ, Sword GA, Lorch PD, Couzin ID. 2006
Cannibal crickets on a forced march for protein and
salt. Proc. Natl. Acad. Sci. USA 103, 4152–4156.
(doi:10.1073/pnas.0508915103)
17. Stephens DW, Brown JS, Ydenberg RC. 2007
Foraging: behavior and ecology. Chicago, IL: The
University of Chicago Press.
18. Despland E, Simpson SJ. 2000 The role of food
distribution and nutritional quality in behavioural
phase change in the desert locust. Anim. Behav. 59,
643–652. (doi:10.1006/anbe.1999.1335)
19. Edwards AM et al. 2007 Revisiting Le´vy flight search
patterns of wandering albatrosses, bumblebees and
deer. Nature 449, 1044–1048. (doi:10.1038/
nature06199)
20. Reynolds AM, Sword GA, Simpson SJ, Reynolds DR.
2009 Predator percolation, insect outbreaks, and
phase polyphenism. Curr. Biol. 19, 20–24. (doi:10.
1016/j.cub.2008.10.070)
21. Bazazi S, Romanczuk P, Thomas S, Schimansky-
Geier L, Hale JJ, Miller GA, Sword GA, Simpson SJ,
Couzin ID. 2011 Nutritional state and collective
motion: from individuals to mass migration.
Proc. R. Soc. B 278, 356–363. (doi:10.1098/rspb.
2010.1447)
22. Behmer ST, Cox E, Raubenheimer D, Simpson SJ.
2003 Food distance and its effects on nutrient
balancing in a mobile insect herbivore. Anim.
Behav. 66, 665–675. (doi:10.1006/anbe.2003.2243)
23. Barnard CJ, Sibly RM. 1981 Producers and
scroungers: a general model and its application to
captive flocks of house sparrows. Anim. Behav. 29,
543–550. (doi:10.1016/S0003-3472(81)80117-0)
24. Danchin E, Giraldeau LA, Valone TJ, Wagner RH.
2004 Public information: from nosy neighbors to
cultural evolution. Science 305, 487–491. (doi:10.
1126/science.1098254)
25. Gru¨ter C, Leadbeater E. 2014 Insights from insects
about adaptive social information use. Trends Ecol.
Evol. 29, 177–184. (doi:10.1016/j.tree.2014.01.004)
26. Berdahl A, Torney CJ, Ioannou CC, Faria JJ, Couzin
ID. 2013 Emergent sensing of complex
environments by mobile animal groups. Science
339, 574–576. (doi:10.1126/science.1225883)
27. Couzin ID. 2007 Collective minds. Nature 445, 715.
(doi:10.1038/445715a)
28. Sumpter DJ. T. 2010 Collective animal behaviour.
Princeton, NJ: Princeton University Press.
29. Krause J, Ruxton GD, Krause S. 2010 Swarm
intelligence in animals and humans. Trends Ecol.
Evol. 25, 28–34. (doi:10.1016/j.tree.2009.06.016)
30. Dornhaus A, Klu¨gl F, Oechslein C, Puppe F, Chittka
L. 2006 Benefits of recuitment in honey bees:
effects of ecology ad colony size in an individual-
based model. Behav. Ecol. 17, 336. (doi:10.1093/
beheco/arj036)
31. Dornhaus A, Chittka L. 1999 Evolutionary origins of
bee dances. Nature 401, 38. (doi:10.1038/43372)32. Vicsek T, Cziro`k A, Ben-Jacob E, Cohen I, Shochet O.
2009 Novel type of phase transition in a system of
self-driven particles. Phys. Rev. Lett. 75,
1226–1229. (doi:10.1103/PhysRevLett.75.1226)
33. Couzin ID, Krause J, James A, Ruxton GD, Franks NR.
2002 Collective memory and spatial sorting in
animal groups. J. Exp. Biol. 218, 1–11. (doi:10.
1006/jtbi.2002.3065)
34. Yates CA, Erban R, Escudero C, Couzin ID, Buhl J,
Kevrekidis IG, Maini PK, Sumpter DJT. 2009 Inherent
noise can facilitate coherence in collective swarm
motion. Proc. Natl. Acad. Sci. USA 106, 5464–5469.
(doi:10.1073/pnas.0811195106)
35. Fournier A, Fussell D, Carpenter L. 1982 Computer
rendering of stochastic models. Commun. ACM 25,
371–384. (doi:10.1145/358523.358553)
36. Collett M, Despland E, Simpson SJ, Krakauer DC.
1998 Spatial scales of desert locust gregarization.
Proc. Natl. Acad. Sci. USA 95, 13 052–13 055.
(doi:10.1073/pnas.95.22.13052)
37. Giraldeau LA, Caraco T. 2000 Social foraging theory.
Princeton, NJ: Princeton University Press.
38. Dall SR. X., Giraldeau LA, Olsson O, McNamara JM,
Stephens DW. 2005 Information and its use by
animals in evolutionary ecology. Trends Ecol. Evol.
20, 187–193. (doi:10.1016/j.tree.2005.01.010)
39. Motro U, Schmida A. 1995 Near– far search: an
evolutionarily stable foraging strategy. J. Theor. Biol.
173, 15–22. (doi:10.1006/jtbi.1995.0038)
40. Weed JL, Lane MA, Roth GS, Speer DL, Ingram DK.
1997 Activity measures in rhesus monkeys on long-
term calorie restriction. Physiol. Behav. 62, 97–103.
(doi:10.1016/S0031-9384(97)00147-9)
41. Bross TG, Rogina B, Helfand SL. 2005 Behavioral,
physical, and demographic changes in Drosophila
populations through dietary restriction. Aging Cell
4, 309–317. (doi:10.1111/j.1474-9726.2005.
00181.x)
42. Dingemanse NJ, Kazem AJN, Re´ale D, Wright J.
2010 Behavioural reaction norms: animal
personality meets individual plasticity. Trends Ecol.
Evol. 25, 81–89. (doi:10.1016/j.tree.2009.07.013)
43. Behmer ST. 2009 Insect herbivore nutrient
regulation. Annu. Rev. Entomol. 54, 165–187.
(doi:10.1146/annurev.ento.54.110807.090537)
44. Simpson SJ, Clissold FJ, Lihoreau M, Ponton F,
Wilder SM, Raubenheimer D. 2015 Recent advances
in the integrative nutrition of arthropods. Annu.
Rev. Entomol. 60, 293–311. (doi:10.1146/annurev-
ento-010814-020917)
45. Wilder SM. 2011 Spider nutrition: an integrative
perspective. Adv. Insect Physiol. 40, 87–136.
(doi:10.1016/B978-0-12-387668-3.00002-7)
46. Simpson SJ, Le Couteur DG, Raubenheimer D. 2015
Putting the balance back in diet. Cell 161, 18–23.
(doi:10.1016/j.cell.2015.02.033)
47. Maklakov AA, Simpson SJ, Zajitschek F, Hall MD,
Dessmann J, Clissold FJ, Raubenheimer D,
Bonduriansky R, Brooks RC. 2008 Sex-specific fitness
effects of nutrient intake on reproduction andlifespan. Curr. Biol. 18, 1062–1066. (doi:10.1016/j.
cub.2008.06.059)
48. Lee KP, Kim JS, Min KJ. 2013 Sexual dimorphism in
nutrient intake and life span is mediated by mating
in Drosophila melanogaster. Anim. Behav. 86,
987–992. (doi:10.1016/j.anbehav.2013.08.018)
49. Senior AM, Nakagawa S, Lihoreau M, Simpson SJ,
Raubenheimer D. 2015 An overlooked consequence
of dietary mixing: a varied diet reduces inter-
individual variance in fitness. Am. Nat. 186,
649–659. (doi:10.1086/683182)
50. Han CS, Ja¨ger HY, Dingemanse NJ. 2016
Individuality in nutritional preferences: a multi-level
approach in field crickets. Sci. Rep. 6, 29071.
(doi:10.1038/srep29071)
51. Povey S, Cotter SC, Simpson SJ, Wilson K. 2014
Dynamics of macronutrient self-medication and
illness-induced anorexia in virally infected insects.
J. Anim. Ecol. 83, 245–255. (doi:10.1111/1365-
2656.12127)
52. Aplin LM, Farine DR, Mann RP, Sheldon BC. 2014
Individual-level personality influences social
foraging and collective behaviour in wild birds.
Proc. R. Soc. Lond. B 281, 20141016. (doi:10.1098/
rspb.2014.1016)
53. Planas-Sitja` I, Deneubourg JL, Gibon C, Sempo G.
2015 Group personality during collective decision-
making: a multi-level approach. Proc. R. Soc. B 282,
20142515. (doi:10.1098/rspb.2014.2515)
54. Collett M, Chittka L, Collett TS. 2013 Spatial
memory in insect navigation. Curr. Biol. 23,
R789–R800. (doi:10.1016/j.cub.2013.07.020)
55. Dell AI et al. 2014 Automated image-based tracking
and its application in ecology. Trends Ecol. Evol. 29,
417–428. (doi:10.1016/j.tree.2014.05.004)
56. Strandburg-Peshkin A, Farine D, Couzin ID,
Crofoot MC. 2015 Shared decision-making
drives collective movement in wild baboons.
Science 348, 1358–1361. (doi:10.1126/science.
aaa5099)
57. Itskov PM, Moreira JM, Vinnik E, Lopes G, Safarik S,
Disckinson MH, Ribeiro C. 2014 Automated
monitoring and quantitative analysis of feeding
behaviour in Drosophila. Nat. Commun. 5, 4560.
(doi:10.1038/ncomms5560)
58. Rothman JM, Raubenheimer D, Chapman CA. 2011
Nutritional geometry: gorillas prioritize non-protein
energy while consuming surplus protein. Biol. Lett.
7, 847–849. (doi:10.1098/rsbl.2011.0321)
59. Vaudo AD, Patch HM, Mortensen DA, Tooker JF,
Grozinger CM. 2016 Macronutrient ratios in pollen
shape bumble bee (Bombus impatiens) foraging
strategies and floral preferences. Proc. Natl. Acad.
Sci. USA 113, E4035–E4042. (doi:10.1073/pnas.
1606101113)
60. Shine R, Brown GP, Phillips BL. 2011 An
evolutionary process that assembles phenotypes
through space rather than through time. Proc. Natl.
Acad. Sci. USA 108, 5708–5711. (doi:10.1073/pnas.
1018989108)
